Abstract-Road surface macrotexture is identified as one of the factors contributing to the surface's skid resistance. Existing methods of quantifying the surface macrotexture, such as the sand patch test and the laser profilometer test, are either expensive or intrusive, requiring traffic control. High-resolution cameras have made it possible to acquire good quality images from roads for the automated analysis of texture depth. In this paper, a granulometric method based on image processing is proposed to estimate road surface texture coarseness distribution from their edge profiles. More than 1300 images were acquired from two different sites, extending to a total of 2.96 km. The images were acquired using camera orientations of 60
I. INTRODUCTION

S
KID resistance is the term used to describe a road surface's contribution to the overall friction between the surface and a tire. Investigation into the relationship between skid resistance and car accidents is thought to date back to as early as 1906 [1] . It is now established by transport and road authorities and practitioners that improved skid resistance reduces crash rates, particularly in wet weather conditions [2] - [4] . There are a number of methods employed to determine the skid resistance of road surfaces, and they are classified into two broad categories, i.e., direct and indirect. Direct methods simulate the vehicle surface interaction, whereas indirect methods here refer to the inference of skid resistance from microtexture and macrotexture. First, we present a brief description of the methods and tools used in the direct methods, followed by a description of the indirect methods. In [5] , an inventory of tools of methods used for road surface analysis is detailed.
A. Direct Friction Measurements
The direct method involves friction-measuring devices, which simulate a car on the road surface. Typically, a predetermined vertical load is applied on a rubber slider or tire forced to slide across the road surface, and the traction force is measured. The ratio between the load and the traction force determines the friction. This direct method relies on other factors, such as rainfall, and vehicle parameters, such as speed and tire threads. For a full measurement of friction using the direct method, it is advisable to apply water jets to the wheel paths to simulate wet weather, as well as to vary the speed of the simulator. Some of the instruments used for directly measuring friction include the British pendulum, the American Society for Testing and Materials (ASTM) locked-wheel trailer, the sidewayforce coefficient routine investigation machine (SCRIM), and Griptester. Each of the devices outputs a number that indicates the level of skid resistance in their own native unit so that it is not readily possible to convert between devices without harmonization trials involving the devices. In [4] - [6] , these devices are explained in detail.
B. Indirect Methods-Surface Texture Depth Measurement
Indirect measurement of skid resistance is obtained inferentially from the physical characteristics of the road surface. Pavement surface characteristics have been classified by the World Road Association (PIARC) [7] based on the fluctuations of the pavement surfaces from a reference planar surface. These fluctuations, which are characterized by wavelength λ (in millimeters), occur as per the details in Fig. 1 . Surface friction is determined by microtexture (λ < 0.5 mm) and to a larger extent by macrotexture (λ = 0.5-50 mm). In one of the most comprehensive studies on the subject [8] , three different highways in Australia were examined for association between macrotexture and crash rates. It was confirmed in nearly all cases that there is increased risk of road crash with low macrotexture even in dry weather conditions. The study also investigated the critical macrotexture value (in millimeters) below which the risk becomes critical. On average, across the three highways, 0.5 mm was the critical macrotexture.
In wet weather, the influence of both microtexture and macrotexture on aquaplaning (the loss of vehicle traction as a result of buildup of water between vehicle tire and road Fig. 1 . Effects of texture wavelength on pavements/vehicles interactions (adapted from [2] ). surface) is empirically described in [9] . The speed at which aquaplaning occurs is directly proportional to tire pressure, and therefore, at lower speeds, the microtexture zone dominates wet and dry friction levels. At higher speeds, macrotexture becomes significant as it facilitates water drainage such that the adhesive component of friction provided by the microtexture is maintained by being above the water levels.
A study on the relation between macrotexture [measured by sensor measured texture depth (SMTD)] and surface friction (measured using SCRIM) was found to be inconclusive [8] , [10] , although both macrotexture and surface friction were independently found to correlate with crash rates. The reason for the mismatch was attributed to other information that was not readily available in the correlation exercise.
Both microtexture and macrotexture also depend on the type of material or asphalt mix used [10] , [11] . Microtexture levels are generally examined before road surfacing by studying the aggregate material properties, such as surface polish, and therefore, microtexture is intended to be a once-off test durable to the life of the road surface. A tool used to examine the properties in aggregates, i.e., the Wehner-Schulze machine, is described in [12] . Macrotexture, on the other hand, can easily be measured from the road surface in a number of ways. Currently, the most common methods of macrotexture measurement are sand patch texture depth (SPTD) obtained from the sand patch test (ASTM E965) [13] and SMTD obtained from the laser profilometer (ASTM E1845) [14] , [15] .
1) Texture Depth From Still Images:
The use of imaging technology for the visual inspection of pavements is not common in comparison with other transport applications using imaging, such as Automatic Number Plate Recognition (ANPR) and Closed Circuit TV (CCTV) applications, but is currently a growing trend. Some road authorities have highly developed pavement management systems that include photographic images to aid in remote visual inspection [16] , but these images are only suited to analyze the more visible pavement defects, such as cracks and potholes, but not of the quality that would be suited for the automated characterization of surface macrotexture. Both macrotexture and microtexture require a higher image quality compared with other transportation applications. Image resolution is an important factor. If p is the average number of pixels adequate to capture a wavelength λ of texture fluctuation, then the resolution required is p/λ pixels per millimeter. Therefore, for microtexture (where the average λ = 0.25 mm), the average resolution must be at least 4p pixels/mm. For macrotexture (average λ = 25 mm), a much lower resolution will suffice.
Consequently, microtexture analysis requires more image storage space and therefore more processing power for analysis. The validation of imaging methods for microtexture requires a benchmarking equipment (e.g., Wehner-Schulze machine) that can only be used in laboratories, thus imposing a controlled testing environment. In [17] , high-resolution images of samples with aggregates were used to determine microtexture using a method that involves variations in pixel intensity with thresholding, as described in [18] . This resulted in a correlation of (R 2 = 0.985) with results obtained from the Wehner-Schulze machine. In this paper, only macrotexture is considered.
A few image processing techniques have been suggested to characterize road surface macrotexture. In this paper, these methods are briefly explained, and then, a novel method based on image analysis is proposed for the determination of road macrotexture that correlates with the laser profilometer SMTD.
II. STATE OF THE ART
A. Traditional Methods
1) Sand Patch Test:
A known volume V of fine material (typically sand) is spread over a circular area on the road surface using a spreading tool. The spreading is done so that the sand is level with the top of the aggregates. The method is prescribed by the ASTM E965 standard [13] . The average diameter d of the resulting patch is measured from which the SPTD is calculated as follows:
The method is low cost, simple to implement, and reliable but is manual and, therefore, labor intensive, particularly for longer roads, where repetition is required several times at every segment. To obtain texture depth from a segment of road, a few areas within the segment are chosen as a representative. The reliability improves with the number of patch areas chosen for every road segment. The manual nature of the task and the precision required also demand that traffic control be implemented, thus adding to the cost of conducting the sand patch test. Owing to its reliability, however, the SPTD has become the baseline measure for any of the subsequent texture depth measures that were developed. In a report in [19] , the average texture depth of 0.8 mm up to a minimum of 0.5 mm for the individual cases is deemed acceptable. In [20] , average texture depths of 0.74 mm and minimum depths of up to 0.64 mm have been specified for state highways in New Zealand.
Therefore, if a texture depth measurement method M is developed, then its efficiency could be determined by the extent of how the method M correlates with the SPTD [or its surrogate estimated texture depth (ETD) [21] , which is an empirically determined "approximated" form of SPTD]. Therefore, the relation of any given method M that correlates with ETD with some correlation R 2 will in our deliberations be expressed as
where α and β are constants that characterize the linear relation between method M and ETD. The values of α and β that result in the best R 2 are chosen as the optimal calibration parameters for method M .
2) Laser Profile Technique: The laser profilometer method was developed as an alternative for the SPTD, which was motivated by the need for automated approach to texture depth measurement. The vehicle-mounted laser profilometer [21] has demonstrated sound cost-benefit ratio in comparison with the sand patch test. A focused laser beam directed toward the road surface results in scattered light, which is then detected with an array of light-sensitive cells. These detected points indicating depth are then analyzed to obtain the mean profile depth (MPD). Stationary laser profilometer techniques are slow and require traffic control or complete lane closure. However, vehicle-mounted laser profilers can operate at highway speeds of up to 90 km/h. Details regarding the MPD measure obtained by the profilometer can be found in [14] and [15] , where the relation between ETD and MPD is established as per (2), with α = 0.79, and β = 0.23. Obtaining the MPD from a laser profilometer involves sophisticated algorithms. As such, a simpler method known as SMTD is widely used. To obtain the SMTD, the laser profilometer first takes a sequence of depth measurements, from which the surface profile is computed using a polynomial of best fit. The root mean square of the displacements is then calculated to determine the SMTD. In [21] , it is demonstrated that SMTD strongly correlates with ETD with R 2 values of up to 0.97 and with α = 0.82 and β = 0.12.
3) CTM: The circular track meter or circular texture meter (CTM) [22] uses a laser to measure a profile of a circle 284 mm in diameter. The profile is then divided into eight equal portions. The CTM-derived MPD is reported as the average of all eight portions. The relation between the CTM-derived MPD and ETD is as per (2), with α = 0.947, and β = 0.069. An evaluation of the CTM method in comparison with the SPTD conducted in [23] resulted in coefficient of determination R 2 = 0.95 after the removal of several outliers.
III. TEXTURE DEPTH MEASUREMENT
Texture depth in the macrotexture range is measured in millimeters. However, with the exception of the sand patch test (SPTD), all the methods previously mentioned are dimensionless. For example, the units for the SMTD data are simply termed "SMTD units of texture depth." To convert each of the dimensionless methods, for example, SMTD texture units, into millimeters requires transformations of the sort shown in (2), where α and β are constants, M represents the dimensionless SMTD, and ETD represents SPTD (in millimeters). In our work of comparison with imaging techniques, the SMTD data are used as a benchmark to our proposed method because it is closely correlated to the sand patch test, as per (2) . The other reason is that SMTD is more widely available than SPTD, owing to the proliferation of laser profilometer devices as the devices of choice for surface texture measurement. Fig. 2 graphically shows the relation between SPTD and SMTD as obtained from a calibration site at Nudgee Beach (see Section VI-B). In this case, as per (2), the calibration values are α = 2.5 and β = 0. Thus, for the subsequent references to SMTD values, the texture depth in millimeters is simply 2.5 × SMTD.
A. Calibration
In [5] , a number of devices for measuring road surface conditions are described, including direct and indirect methods of skid resistance measurements. Calibration of the devices enables conversions from one device to another. However, calibration requires that there be an absolute reference measurement of skid resistance. Currently, there is no reference device that itself has been calibrated against surfaces with known stable reproducible friction properties. Therefore, the best attempt is to harmonize devices of the same type [24] . Harmonization results in a device such that at any given time, the "correct" result can only be estimated and that the best estimate for any particular type of measurement device would be the average value given by all machines of that type. An example provided by the authors in [24] is that of the SCRIM device, where the best estimate would be the average of all acceptable SCRIM machines in a given approved fleet, where acceptance tests are conducted on a regular basis.
The absence of a golden standard for directly measuring friction does not impact the indirect methods of surface texture depth measurements. Texture depth measurement devices rely on the SPTD as the working equivalent of a golden standard. In our experiment, we do not have SPTD data for the entire road, and, therefore, we use the SMTD data, which are obtained from a device tested and calibrated to correlate with SPTD. Therefore, our approach is to examine whether imaging techniques measure as closely as practicable to the existing SMTD methods and establish detailed correlations between the imaging technique and the SMTD, as well as to examine whether a consistent "calibration factor" could be obtained.
In Section II, values of α and β that relate different devices to SPTD are cited. These calibration parameters are not always consistent, even among devices of the same technology. This discrepancy in calibration has been identified for the SMTD values in [8] , and therefore, it was recommended to regularly calibrate devices as deviations from normal operations are likely to be encountered with time.
IV. IMAGE-BASED METHODS
Image-based methods employ cameras to extract texture depth from visual cues. These visual cues are either monocular or stereoscopic. Texture feature characterization using monocular cues requires 2-D still images, whereas stereoscopic techniques require multiple cameras. Both methods have been tested on road surfaces, with varying results.
A. Stereoscopic Techniques
One of the earliest usages of images in the computation of road surface macrotexture involved stereo imaging [25] . The method involved the measuring of six parameters: 1) height; 2) width; 3) angularity; 4) distribution; 5) harshness of projections above the matrix; and 6) harshness of the matrix itself. A drawback of the method was that both acquisition and analysis were done manually, which was extremely time consuming. This was mainly owing to the construction of the device. In [26] and [27] , the surface texture was measured using the response from a reconstructed 3-D surface model of road samples. The reconstruction in both cases was done using custom-made devices, and the results correlated with MPD. The results indicate correlation with MPD, although details regarding the data used in the findings were absent [26] or very limited [27] .
B. 2-D Still Images
Unlike the sand patch and laser profilometer methods that directly capture texture depth from the fluctuations of the road surfaces, still cameras capture 2-D images that are prone to distortions owing to gray-level variations, shadowing, illuminance, and viewing angle. Stereo imaging resolves some of these issues. However, these can also be addressed in the context of a single still image, where depth could still be inferred from a still image if these distortion factors are adequately addressed. For road surfaces, a greater texture depth implies a rougher surface. In the context of still images, surface texture roughness (which is generally quantified as coarseness) is the parameter that closely describes texture depth. Texture coarseness from still images is defined and quantified in [28] - [30] . A spectral method for the determination of texture depth was first implemented in [31] and, later on, developed in [32] . The method used the Fourier transforms of surface images to characterize the texture energy in different bands. The energy values from each band were correlated with the sand patch method, achieving a best correlation value of R = 0.65 (R 2 = 0.42) with the sand patch test. After removing 40% of outliers from the data and using second-order polynomial, R 2 = 0.94 was achieved. One of the recommendations resulting from the study in [32] was the need to strengthen the correlation with the sand patch test by significantly increasing the total size of data used in the experiments. The data set used in our experiments is described in Section VI.
In our implementation, we use the assumption that the average size of texels represented in 2-D is proportional to the average texture depth. The use of texels as basic texture elements was proposed by Blostein and Ahuja [33] , who showed that the correct measurement of texture gradients required explicit identification of image texels, particularly when textures show 3-D relief. They used the fact that the variation in texel sizes along a texture gradient is related to the image orientation and estimated shape from texture using this relationship. Here, we use the reverse process, namely, we know the texture gradient and orientation (represented in the camera angle), and we seek the texel size. Fig. 3 shows pavement samples that could be described as fine and coarse, where the coarser texture (b) has more macrotexture depth than (a). Their respective edge profiles using the same edge detector are shown in Fig. 4 . The average distance between two adjacent edge pixels in the horizontal and vertical scans of the images in Fig. 4 will be used as a measure to determine the texture depth.
In this section, some of the factors mentioned here that directly impact on the imaging techniques are considered. These factors include aggregate shape, viewing angle, and illumination. These factors are addressed experimentally whenever possible, and to quantify the effect of each factor on the resulting image, a measure of edge density κ is used. This is the percentage of edge pixels in the edge profile image, and therefore, the coarser an image, the smaller is κ resulting from its edge profile.
1) Aggregate Shape:
The aggregate shape has an impact on the stability of the asphalt mix, and it was concluded that cubical shapes have the best particle index-which is a measure of the combined contribution of particle shape, angularity, and surface texture to the stability of an aggregate defined in [34] . However, there is no known relationship between aggregate shape and macrotexture measurements for all the aforementioned devices and techniques. This is also the case for image analysis techniques. The assumption of circular or spherical shapes common in granulometric approach to image analysis is more for computational convenience than a physical assumption. For example, in the analysis of granular textures [35] , [36] , grain size distributions are obtained using circular structural elements to probe the aggregates. Such morphological techniques apply both to binarized images with distinct aggregate background pixels and also to grey-level images [37] .
In [33] , texture elements were defined to be circular regions of uniform intensity extracted by convolving the image with ∇ 2 G (Laplacian of Gaussian) and (∂/∂σ)∇ 2 G operators and matching the response to an ideal disc (σ is the size of the Gaussian). This technique was used to simplify the problem of extracting regions of arbitrary shapes and sizes and was successful in extracting surface information of texture.
In our proposed method, the edge profiles of pavement surfaces, as those shown in Fig. 4 , do not suggest a definite shape for the aggregates. As a description of aggregate size, we use the average diameter of closed curves derived from edge profiles, of the sort shown in Fig. 4 . Thus, in our method, the average diameter of an aggregate is an abstract description of the aggregate size, which may give the reader the impression of spherical shape, but only for computational purposes.
2) Camera Angle: Still images obtained from surfaces contain information regarding the surface projection angle and the relief of the texture. The surface projection angle becomes evident from the decreasing texture gradient for textures further away along the direction of the optical axis of the camera. This gives rise to what is known as projective distortion [38] . Several techniques regarding the extraction of 3-D characteristics from 2-D images by using cues from projective distortion are discussed in [39] - [43] . Here, we define the projection angle to be the angle between the road surface and the optical axis of the camera lens. This is represented by φ in Fig. 11 . The projection angle affects the texture relief, which in turn impacts the perceived aggregate size.
The presence of relief also means that the resulting images are also dependent on other aspects of the projected texture, such as mean illuminance. Mean illuminance can vary with viewing angle owing to variations in shading or cast shadows and can alter the perceived coarseness of the texture [44] . This complex relationship between orientation and illuminance has been studied in [45] , where a difference in the spectrum of images captured at different angles was observed and is attributed to the change in azimuthal angle of the illumination direction, which causes a change in the shadowing direction and hence a change in the dominant orientation of the spectrum.
To study the effect of projection angle on the perceived aggregate size, a road surface was photographed at five different angles φ = [30
, with the camera setup as shown in Fig. 11 . The effective distance between the camera lens and a chosen reference point on the road surface was kept constant. All five images were captured within less than a minute from each other to ensure that the variation in illuminance and the direction of solar radiation are as negligible as possible. The resulting images are shown in Fig. 5 . Notice the compression resulting from the images acquired at smaller φ. Fig. 6 shows the edge density of each image as φ varies. In general, there is a perceived increase in coarseness as φ increases.
3) Illuminance:
To study the effects of road surface brightness on the image analysis technique, an image of a road surface was taken at six different times of the day, corresponding to six illuminance ranges measured with a lux meter. Fig. 7 shows the road surface images at the six lux levels. Fig. 8 shows the edge profiles of the six images, highlighting the intensity of edges captured for each lux level. To quantify the effect of illuminance on the edge profiles, we used the measure of edge density as a percentage κ. Based on Fig. 8, imaging at a lower level of lighting results in higher perceived coarseness. The value of κ starts to stabilize beyond 20 000 lux, roughly indicating a minimum recommended value of illuminance for an imaging technique to be effective.
V. PROPOSED TECHNIQUE
The method proposed here uses estimates of the aggregate sizes of the road surface as obtained from road surface edge profiles. The size of the aggregates in the surface image can be obtained once their boundaries are accurately determined. The average chord length of each closed boundary determines the mean aggregate size of the entire image. To implement this, each image is processed through the following four stages: 1) edge detection; 2) dilation; 3) skeletonization; and 4) pixel run statistics from the resulting distribution. The various parameters used in the processing stages are optimized in the final stage of calibration.
A. Edge Detection
The edge detection operation on an image results in a binary version of the image with distinct edges at the boundary of the objects in the image [46] , [47] . There are various edge detection operators to suit various applications ranging from scene analysis to precise dimensional measurements of objects. The Canny detector [48] satisfies the desirable properties of edge detectors, including the capacity to suppress noise and optimize the tradeoff between detection and localisation, minimizing the possibility of multiple edges where a single edge point exists. This is useful in our case with textured images, from which we seek to obtain the size distribution of the aggregates.
It was shown [48] using numerical optimization that the ideal edge detector of a signal corrupted by noise is the first derivative of the Gaussian. The detector is applied to digital images by first convolving the image with a 2-D Gaussian function and then computing the magnitude and direction of the intensity gradient. In most cases, this results in ridges around a local maximum. Potential edge points are further isolated using nonmaximal suppression. Once potential edge points are located, the actual edges must be generated using hysteresis thresholding. Here, two thresholds are used such that the edge points of gradient magnitudes above an upper threshold are traced until the magnitude falls below the lower hysteresis threshold. This reduces the number of false edges while maintaining edge connectedness. Thus, the two parameters of interest in the Canny detector are the Gaussian width σ and the threshold Θ.
1) Gaussian Width σ:
The Gaussian width σ of the Canny detector controls the tradeoff between detection and localisation in edge maps. Therefore, the choice of sigma may affect the size distribution of aggregate textured images. Therefore, σ of the Gaussian function of the edge detector is one of the parameters that would need to be specified in our proposed method. The discrete Gaussian function G(n) is a sampled version of the continuous function G c (x); thus
where 2N + 1 is the length of the Gaussian filter G(n), and δ is the impulse function. It can be shown that for every discrete Gaussian filter with central maximum value A and width σ, the length L of the filter such that the end points are A is given by
where in our algorithms, we use = 10 −4 (0.01% of A).
2) Threshold Θ:
The other significant parameter in the Canny detector is the threshold. Canny suggested the ratio between the upper and lower thresholds to be 2:1 or 3:1. In our algorithms, we use a ratio of 2.5:1. Thus, we denote Θ as the upper threshold and ρΘ as the lower threshold, where ρ = 0.4. Fig. 9 depicts the edge profiles of the pavement surface image shown in Fig. 3(a) for various σ and Θ (see Table I ).
3) Edge Linking: Edge detection should ideally yield a set of pixels lying only on edges, but in practice, this is not always the case due to noise or breaks in edges as a result of variation Fig. 3(a) ]. Visual impact along σ is more noticeable than along Θ, but both effects are also described in terms of edge densities κ, as shown in Table I . in illumination (see Section IV-B3). The types of discontinuities encountered from the edge profiles of road surface images are as shown in Fig. 8 . Edge linking is an important step for joining broken edge points. We use a method of edge linking described in [49] , where the connected regions are first formed by dilating the edge image with a circular mask of known radius, followed by skeletonization. The dilation operator [46] , [47] is applied to the edge profiles, like those depicted in Fig. 9 , to achieve connectivity between loose edge pixels. The size of the structuring element is not critical but must be large enough to close the majority of regions while not being so large as to remove the smallest regions. We found a radius of 2 pixels to perform quite well. The structuring element used in the dilation operator applied to the edge profile images is a 5 × 5 matrix Δ given by 
The stages of edge detection, dilation, and skeletonization are shown in Fig. 10 .
B. Pixel Run Statistics
An edge map as shown in Fig. 10 is obtained for each image from the road surface. These edge maps are used to calculate the aggregate size distribution. The method used is similar × 128 pixels) . The skeletonized image is used to determine the average grain size using pixel run statistics from lineal intercepts [50] .
to the lineal intercept method suggested in [50] to determine chord lengths in grains. The images used in the experiment are each of size 1024 × 1024, and therefore, 1024 scans vertically and horizontally for each image. The images are subjected to a simple raster scan done both horizontally and vertically to capture the runs of pixel widths representing aggregates, thus resulting in a distribution of pixel widths for each image. The mean of the distribution (EDPC) from each image is arrayed in a vector representing the mean aggregate size along the chainage. The mean is subtracted from each vector, and the vectors offset to clear any negative values. The resulting vector is then correlated with the corresponding SMTD values. The removal of the mean is to neutralize any effect of illuminance on the results.
1) Parameter Calibration:
This step is similar to the device calibration step discussed in Section III-A. Here, the parameters σ and Θ that result in the highest R 2 are selected following a training of a subset of data with corresponding known SMTD. These values of σ and Θ will result in EDPC values being predictive of SMTD. A relation similar to that in (2) can be formulated as follows:
EDPC values could also be predictive of the ETD (in millimeters) as follows: ETD = 2.5(αEDPC + β).
These parameters and their relations determined the robustness of the technique and are further discussed in Section VII.
VI. DATA ACQUISITION AND EXPERIMENT SETUP
The method proposed in this paper is tested against the laser profilometer measured SMTD across three lanes from two different road segments with a combined distance stretching 3.06 km. A total of 1392 images were acquired from the road surfaces with two different camera angles of 60
• and 90 • . 
A. Camera Setup and SMTD Data
The images were obtained using a 7.2-megapixel Panasonic Lumix DMC-FZ8 camera. For all the lanes under study, the images were typically captured at intervals of roughly 5-10 m. Therefore, the images were not acquired at the precise chainage points at which the SMTDs were given. The images were obtained using a tripod, as shown in Fig. 11 . For each lane, the images were acquired at φ = 60
• and φ = 90
• to study the effect of viewing angle.
The SMTD values were recorded for every 20-m interval along each lane and were available for both outer wheel path (OWP) and between wheel path (BWP). For each road segment, the difference in duration between the SMTD data acquisition and the image acquisition was at least three months. For this reason, the images were acquired from the BWP region. The BWP surface of the road is less likely than the OWP to be exposed to road-tire friction dynamics and, therefore, more stable over time. Fig. 12 depicts the SMTD values for both OWP and BWP for a single lane. For each point on the road surface, the texture depth (in millimeters) is 2.5 × SMTD. The resulting images, after cropping to remove spurious shadows resulting from the tripod, were each of size 1024 × 1024 pixels in size. Acquisition details for the other sites are shown in Table II .
B. Nudgee Road
The segment of road used in this study is a part of Nudgee Road in Brisbane, Australia-a two-lane road extending 2.26 km. This is a road managed by the Brisbane City Council but also used as a calibration site by the regional Queensland Department of Transport and Main Roads. This is where friction testing devices are tested before being deployed throughout the region. The road was initially constructed in 1979, followed by reseal in 1994, and further repair including cold planning and AC overlay for the segment of road under study in 2007. The surface was designed with a projected 20-year deign volume of 8.8 × 10
6 ESA, which includes commercial vehicles entering and exiting a recycling plant. The authors were not able to locate crash history for the site. • and the other at φ = 90
• , resulting in 1006 images for the Nudgee Beach site. Owing to the length of the segment at Nudgee Road (2.26 km) and incoming traffic, each image acquisition exercise was done over four days. For convenience, the lanes will be called Lane-1 and Lane-2.
C. Colburn Avenue
The segment of the examined road at Colburn Avenue is part of the road constructed in 1969, followed by reseal in 1989, and AC overlay in 2003. The length of the examined segment is 0.7 km long, and only one lane was examined. SMTD data were acquired on February 2010 from a laser profilometer at 20-m intervals for the lane, resulting in 40 data points. The images were acquired in May 2010. The texture data for SMTD ranged from 0.35 (0.875 mm) to 0.46 (1.15 mm) with mean deviation of 0.14. The images were acquired at intervals of 5-10 m, resulting in 386 images in total for φ = 60
• . The crash history of the road averages a little less than one crash per year, with 0.18 crashes per year (or 3 in 16 years) resulting in hospitalization. The rest are minor injuries or property damage. The image data for the segment at Colburn Avenue (700 m) were captured in a single morning for both camera viewing angles. The estimated annual average daily traffic of the road is 8500 (see Fig. 13 ).
D. Experiment Setup
We aim to arrive to the optimal set of parameters that correlate with the existing SMTD values and investigate the performance of the resulting parameter set on other unseen data. The Canny edge detector is characterized by the parameters σ and Θ, as discussed in Section V-A. The experiment involved a range of values for σ and Θ, from which the optimal (σ, Θ) is selected. The selection of the (σ, Θ) pair is based on the EDPC values that result in the best R 2 when compared with the SMTD method for φ = 60
• . This experiment is repeated The SMTD data were acquired at 20-m intervals across the chainage, and at least two images are acquired at that same interval. Thus, there are at least twice as much image data than SMTD data. In our correlation, therefore, we smooth both data using a Gaussian moving average filter to minimize data spikes. We also note that the SMTD data shown in Fig. 12 are in SMTD units. Multiplying the values by 2.5 results in the sand patch equivalent in millimeters. In our displays for the results, we will use the sand patch equivalent in millimeters and, therefore, also calculate the EDPC values in millimeters. This is done by first converting the EDPC values into SMTD using the linear equations relating them and then multiplying the result by 2.5.
VII. RESULTS AND DISCUSSIONS
The results presented in this section are for the segments of Nudgee Road Lane-1, Lane-2, and Colburn Avenue. First, a plot correlating EDPC with SMTD is presented alongside a plot showing EDPC with the sand patch equivalent, which is 2.5 × SMTD. The plots are shown for Lane-1 of Nudgee Road and Lane-1 of Colburn Avenue (both at φ = 60
• ). Tables III-VIII show the values of R 2 for each (σ, Θ, φ) combination. The calibration factors α and β for the method are also presented in the tables.
There is evidence from Tables III-VIII that a lower Canny edge detector threshold value yields a better correlation result with the SMTD data. The figures shown in bold in the tables are based on the criteria of admitting any value R 2 that is within 75% of the maximum R 2 in each table. This could be made stricter (e.g., 90%) to restrict the usable (σ, Θ) region. The identified optimal region resulting in high R 2 suited for all the sites is the region (0.5 ≤ σ ≤ 2, 0.05 ≤ Θ ≤ 0.10). The operating point (σ = 0.75, Θ = 0.05) is optimal for all the sites and consistently results in high R 2 .
The representations in Figs. 14(a) and 15(a) suggest that the imaging techniques mimic the laser profilometer data in capturing road surface macrotexture. The relation between SMTD data and the proposed technique also shows a stable linear relationship. The gradient (specified by α) and intercept (β) of the lines in Figs. 14(a) and 15(a) are indicators of the robustness of the method and its applicability to other similar surfaces. Several values of α and β are also shown in Tables III-VIII. By applying the mean value of α = 0.11 and β = 0.36 to all the sites and using (σ = 0.75, Θ = 0.05), the variation of the root mean square error (RMSE) along the chainage, of using the EDPC as a predictor of texture depth for two selected sites, are shown in Figs. 14(c) and 15(c) . The mean RMSE for both sites and for the rest of the sites is shown in Table II . The RMSE values are comparable with the mean deviations of the SMTD values (0.14), as described in Section VI.
The difference in illuminance among the sites and the position of the lighting source is a major factor that would result in a gradient mismatch. An acquisition device with fixed lighting and a mechanism to block stray lights will potentially boost the robustness of the technique.
VIII. CONCLUSION
As a result of this study, a method for the evaluation of surface texture depth from digital images, which utilizes contrast and scale information, has been proposed. The method correlates well with the SMTD, which is an existing and widely accepted technique, thus indicating its potential as an affordable method for road surface macrotexture evaluation. The method is sensitive to illuminance levels, light source position, image resolution, and camera viewing angle. The parameters obtained in this paper are specific to the camera arrangement prescribed herein, as shown in Fig. 11 . However, the method can be calibrated to suit any acquisition geometry, with the resulting change in the parameters used. If the accompanying effects of illuminance, viewing angle, and resolution are standardized, then the method can be calibrated to measure surface macrotexture and potentially be used to operate at highway speeds and therefore could be a viable supplement to laser-based methods and sand patch tests.
